Information loss may occur frequently in the imaging of living tissues using twophoton fluorescence microscopy due to their intensive deformation. In this paper a landmark-based optical flow interpolation scheme is proposed for image reconstruction of living aorta walls in two-photon autofluorescence image sequences. Landmarks are extracted and evaluated by an active contour-based aorta model, and are aligned and reconstructed by a hierarchical algorithm. The accuracy of the calculation of optical flow is improved by applying landmark-based image warping.
of the focal plane and cannot be imaged at these times, since in two-photon excitation microscopy, the molecular excitation only occurs at the focal point and fluorescence is localized to the focal plane. This situation typically results in aorta body information loss in some image frames, as shown in Fig. 1b . This makes the deformation of the aorta cannot be easily observed in the image sequence and hampers pathologists from getting useful information from the image sequence through visual examination. Furthermore, since the quantitative analysis methods proposed in previous studies 6 heavily depend on the accuracy of the landmark extraction in each image frame, it also makes the biomarkers extracted from these images unreliable, even erroneous. There is an urgent demand for reconstruction techniques to restore the missing information of living tissues in image frames before further analysis can be carried out.
Intrinsically speaking, the problem is a 3D deformation restoration problem since the aorta information loss is caused by vertical deviation to the focal plane. However, as addressed above, the deviation of the aorta wall is neglectable compared with its deformation in the focal plane. This fact enables us to discard the vertical deviation motion in the reconstruction and deal with the problem in a 2D deformation restoration formula. A generally used technique for the reconstruction problem is interpolation, which has been extensively exploited in many signal processing applications. For the interpolation of a moving object along the time dimension, its motion information tends to be recovered firstly from its different structures and positions in the source images. This goal is commonly achieved by the calculation of optical flow between two images. 8, 9 It results in a velocity vector map indicating the relative displacement between similar structures in both images. Thus, individual vectors are used to match points in consecutive images and interpolate between their corresponding intensities. In most optical flow calculation approaches proposed in the literature, 10, 11 two main assumptions have been generally accepted to make the problem tractable:
Integration assumption: Brightness of every point of a moving or static object does not change in time.
Smoothness assumption: Brightness I(x,y,t) changes smoothly along the coordinates x, y in the image.
However, these general assumptions do not hold in our situation. The integration assumption requires that both of the source images used for interpolation contain the whole object information. However, the information loss may occur in every image frame in this study. The smoothness assumption means that the motion field varies smoothly in most parts of the image. It provides a reasonable constraint on the motion of rigid objects, but is not suitable for non-rigid bodies with intensive deformations, such as living aorta walls.
Furthermore, the calculation of optical flow will inevitably fall into local minima and cannot correctly build the velocity map between source images if the positions and structures of the objects in these images are distinctly different, which is frequently encountered in our case.
To solve these problems, a landmark-based local optical flow interpolation algorithm is proposed in this paper. The intrinsic ideal of the algorithm is straightforward. Instead of global interpolation, the aorta wall is divided into several pieces and different pieces are interpolated separately. In each interpolation, two source aorta pieces are selected from other frames, which can maximally fill the information of the lost piece in the interpolated frame. To avoid the local minima problem in the calculation of optical flow, the aorta body in source images are segmented and warped to a standard structure based on landmarks extracted from these images, and the interpolated aorta piece is then warped back to its estimated shape according to the reconstructed landmark in the interpolated frame.
Generally speaking, the proposed interpolation scheme is composed of three main components. The first one is the active contour-based aorta model, which is proposed not only to extract aorta walls from image frames, but also to give a quantitative evaluation of the information loss in each local area of the aorta wall. In this way a weighted inner aorta boundary can be extracted from each frame and used as the landmark for image registration. The second one is a hierarchial landmark reconstruction algorithm, which is proposed to align landmarks in different frames and to reconstruct missing landmark information in each frame. After landmarks are reconstructed and aligned, a local optical flow interpolation method, the third main component of the algorithm, is used to fill the aorta body information maximally and accurately in one frame from others.
Landmark Extraction

A. Aorta Models
An active contour based aorta model is proposed to effectively segment aorta walls in image frames. Active contour, also called 'snake', was first introduced by M. Kass. 12 Due to its intrinsic ability to handle variations of the boundary, it has been widely used to solve problems such as boundary detection and object extraction, especially in medical and biological imaging applications. 13, 14 In previous studies, it has been successfully applied for aorta tracking in MR 15 and CT 16 images.
In two photon autofluorescence images, the inner boundaries of aorta walls typically have high intensities, which are extracted as landmarks in this study. The aorta model is illustrated in Fig. 2a . The inner boundary is extracted by the regular snake model. 12 Since the outer aorta boundary is often blurred and very noisy, an aorta wall thickness is properly selected according to experience and is used to roughly outline the outer boundary. The centroid of the inner boundary is located and the centroid-to-boundary method is used to divide the aorta wall into several pieces. These aorta body pieces are denoted as ϕ 1 ϕ 2 ...ϕ n and landmarks in different pieces are denoted as l 1 l 2 ...l n . This kind of design enables us to employ some hierarchial algorithms in which global calculations can be carried out on the whole aorta ring, while local calculations can be applied on these aorta pieces.
B. Aorta Tracking
A significant weakness of the regular snake that has been addressed by many researchers is that it is sensitive to its initial position. To extract aorta bodies from image frames robustly, some prior knowledge is incorporated to give a satisfying initial position of the snake. Thresholding is applied firstly to roughly extract the aorta wall from the image. The threshold is selected automatically to make the aorta body have a fixed area. Morphological operations such as opening and closing are applied to eliminate the artifacts and the noise around the boundary of the aorta, followed by a labeling operation, which eliminates isolated objects whose areas are smaller than a threshold in the binarized image. After these simple and fast operations, the aorta ring is roughly located. A series of radials are drawn from the centroid and ended at the inner boundary. These intersection points are connected as the initial position of the snake. Once the snake is stable, the outer boundary is located by expanding the snake curve according to the fixed thickness of the aorta wall.
Due to information loss, the snake cannot give a reasonable segmentation result where the aorta wall is not available. To give an evaluation on the segmentation result, a degree of confidence is calculated for each local piece of the landmark after the snake is stable. For l i , its degree of confidence is calculated as a ratio of the average intensity of ϕ i : 
Landmark Reconstruction
Weighted landmarks are extracted from image frames using the methods described above.
However, registration of these non-rigid landmarks is not trivial. There are many approaches proposed for non-rigid registration in the literature. 17, 18 Due to the ill-posed nature of the problem, most of these approaches have exploited physical models such as linear elastic and viscous fluid models to enforce topological properties on the deformation and to constrain the enormous solution space. 19 Similar to these studies, our approach also relies on physical models and some prior knowledge for landmark reconstruction. The fundamental difference between the problems addressed in other studies and ours is that the landmarks are partially unreliable in our case due to information loss. A hierarchical algorithm, including a global and a local construction step, is proposed not only to align these deformable landmarks, but also to reconstruct landmark pieces where the aorta wall is missing. Fig. 3 shows the framework of the proposed landmark registration and reconstruction algorithm.
A. Global Reconstruction
In global registration, landmark curves are fitted by polygons. The meeting points of adjacent aorta pieces are a set of vertices of polygons, and for each vertex, a degree of confidence is calculated as
In this way, landmark pieces in the kth image frame are represented by these vertices To estimate translation parameters, a global registration energy is defined as
where N I is the total number of frames included in a image sequence, || · || 2 is the Euclidean norm and W k j is calculated as
where D t is a predefined threshold. Thus, vertices with low degrees of confidence will not be involved in the calculation of the global registration energy E g . The first sum begins at k = 2 in Equ. 3 because the position of polygon in the first frame is treated as baseline.
The translation parameters are calculated by minimizing the global registration energy as
After translation parameters are estimated, the global translation of the aorta in an image sequence is eliminated by applying a compensating translation in each frame. The remaining problem is to adjust the positions of vertices with low degrees of confidence to make the landmarks more reliable. Similar to a previous aorta tracking approach, 16 some physical constraint such as continuity of motion along the time dimension are employed to make the problem more tractable. Formally, for a vertex v k i , a self-constrained motion energy is defined as
where
This means that vertices with higher degrees of confidence will introduce a smaller motion energy and their positions will not tend to change since their original positions are more reliable. On the contrary, the positions of vertices with smaller degrees of confidence tend to be adjusted to minimize the energy.
Similarly, a neighbor-constrained motion energy is defined as
Obviously, the self-constrained motion energy represents the physical constraint on continuity of motion along the time dimension, while the neighbor-constrained motion energy reflects the physical constraint on continuity of motion along the space dimension. The motion energy of the whole image sequence is calculated as
The first sum begins at k = 3 since the self-constrained motion energy is only available when k >= 3 (see Equ. 6). After the energy is minimized, the whole landmark curves are deformed to match the new positions of vertices.
B. Local Reconstruction
In global registration, the positions of landmarks are roughly refined according to some global criterions. In local registration, we focus on the shape of the landmark curve in each aorta piece. The landmark curve of the ith aorta piece in the kth frame is denoted To achieve these, a degree of confidence vector is calculated as
where α ∈ (0, 1) is a constant attenuation factor. The two landmark curves are selected when they satisfy the following conditions:
, they are used to reconstruct the shape of l k i , otherwise it will be left unchanged.
To align the extracted landmark curves, a velocity vector − → u (x, y) is associated with each point in the landmark curve l p i . The velocity vector satisfies
This means that the jth point in l 
The problem of building the correspondence map is transformed to minimize the mapping energy:
This high dimensional minimization has in general combinatorial complexity in the number of points. To effectively minimize the energy, Dynamic Programming is employed, which allows to perform the full minimization as a sequence of 1-dimensional minimization in a multi-stage decision process. 20 Using Dynamic Programming, the solution of the above problem is based in the following recursion:
After the correspondence map is built, the landmark curve in the current frame is reconstructed by linear interpolation between the matched curves. The time interval between current frame and previous frame is denoted as δt p and the time interval between following frame and current frame is denoted as δt f . The landmark points in current frame is reconstructed as
Once the landmarks in different frames are aligned and the missing landmark information is reconstructed, the deformation characteristics of the aorta wall in the image sequence are mostly determined. These landmarks are used to guide the local optical flow interpolation.
Landmark-based Optical Flow Interpolation
A. Calculation of Optical Flow
Firstly a brief review of the calculation of optical flow is given here . Let E(x, y, t) be the irradiance at time t at the image point (x, y). Let u(x, y) and v(x, y) denote the x and y components of the optical flow vector at that point. Under the integration assumption, we
Following the smoothness assumption, the left side of the equation (18) can be expanded in a Taylor series and results in the basic optical flow constraint equation
To calculate the optical flow, additional constraint must be employed. Most of the additional constraints proposed in the literature are based on the smoothness assumption.
Under this assumption, it can be assumed that adjacent points approximately have the same optical flow vector, denoted as
Then the calculation of optical flow is transferred to minimize the following measure
where λ is a weight. This minimization objective can be achieved by solving the corresponding Euler equations using iterative methods. 9 It is obvious that the calculation of optical flow heavily depends on the smoothness assumption. The calculation is accurate for rigid motion, but in case of intensive deformation, the calculation is not accurate, even erroneous. An example is shown in Fig. 4 to illustrate the weakness of the calculation of optical flow on intensively deforming objects.
B. Landmark-based Interpolation
The framework of the landmark-based interpolation scheme is shown in Fig. 5 . The positions of landmarks in the two source images and the interpolated image are located, using the landmark registration and reconstruction techniques described above. Then the two source objects are warped to a standard structure where the landmarks are deformed to strait lines. Optical flow is calculated from these two warped objects and is then used for interpolation. In this way an interpolated object is produced, also in the standard structure.
The interpolated object is then warped back to its objective structure, which is determined by the reconstructed landmark. Each missing aorta piece is interpolated using this method and a reconstructed aorta wall is finally obtained.
Experimental Results
The performance of the proposed reconstruction scheme is heavily relies on the accuracy of the two important algorithms: the landmark reconstruction algorithm and the landmark- 
where p i r were points extracted from L gl r and p i o were points extracted from L o .
The mismatch error calculated from the whole image sequence are plotted in Fig. 6 . It shows that there are large displacements between the extracted and the original landmarks due to information loss, and these displacements can be dramatically reduced by the proposed landmark reconstruction algorithm. Landmarks calculated from an example frame is illustrated in Fig. 7 . It shows that the position of the landmark extracted from the image with information loss is roughly adjusted by the global reconstruction algorithm and its shape is refined by the local reconstruction algorithm.
To evaluate the landmark-based optical flow interpolation scheme, several pairs of aorta pieces are extracted from the ground-truth image sequence and used for interpolation. Landmarks in the interpolated images are supposed to be reconstructed accurately. We compare the landmark-based optical flow interpolation scheme with the commonly used optical flow interpolation technique. 8 Several interpolated images are shown in Fig. 8 , where (e) show ground-truth aorta pieces need to be reconstructed, (a) and (b) show the source aorta pieces in other image frames selected for interpolation by the algorithm described in Section 3. B.
It shows that the landmark-based optical flow interpolation can give satisfying results on intensive deformable objects, while directly using optical flow interpolation typically gives poor results.
Finally, the landmark reconstruction algorithm and the landmark-based interpolation technique are combined together to reconstruct the whole aorta wall with information loss.
The performance of the proposed technique is compared with other two methods: the global optical flow interpolation and the local optical flow interpolation method. In global optical flow interpolation, an image is reconstructed by the interpolation of its two adjacent frames.
In local optical flow interpolation, we select different source images for the interpolation of different aorta pieces using the selection method described above, and apply the commonly used optical flow interpolation method for each aorta piece. Some reconstructed images using different methods are shown in Fig. 9 . It can be seen that the global optical flow interpolation cannot maximally recover the lost information in the image since the information loss also occurs in the two source images. Although the local optical flow interpolation can recover more information, the reconstruction results are erroneous due to its weakness on handling intensively deforming objects. On the contrary, the proposed scheme not only can maximally fill the lost information in the image, but can give satisfying reconstruction results on each local piece of the aorta wall.
Discussion
The deformation of living tissues is generally produced by their physiological activities and thus contains useful information of the physiological characteristics. In previous studies, 6 biomarkers were calculated from the landmarks of aortas to describe their deformation in image sequences, which was produced by drug stimulation. However, the problem of information loss addressed in this paper makes the deformation process very difficult to be observed and analyzed, and brings some artifacts on the calculation of biomarkers. The proposed image reconstruction algorithm provides a method to recover the lost information and reveal some physiological characteristics of the living tissues from erroneous biomarkers.
To be convincing, aorta perimeters calculated from an experimental image sequence before reconstruction and those calculated from the corresponding reconstructed image sequence are compared in Fig. 10 , along with those calculated from the ground-truth landmarks. It is shown that before reconstruction, the biomarker value is erroneous and changed irregularly due to algorithm artifacts. It is impossible to get some useful information from it. After reconstruction, the deformation characteristics of the living aorta are presented clearly by the variation of the biomarker value. It is also clearly shown that the biomarkers calculated from the reconstructed landmarks are close to the ground-truth data.
Although the proposed technique is specifically used for the reconstruction of living aortas in two-photon autofluorescence images in this paper, the framework of the technique can be generalized to deal with image sequences of other deforming tissues. As addressed above, there are three main components of the technique: landmark extraction, landmark reconstruction and landmark-based optical flow interpolation. To deal with other types of tissues and images, specific object tracking algorithms which involve some prior knowledge about the deforming tissues need to be employed for landmark extraction, then the landmark reconstruction and landmark-based interpolation techniques can be applied with little modification.
Conclusion
Two-photon fluorescence microscopy has been widely used for observing and recording the physiological activities of living tissues. A serious problem often encountered in these applications is that the living tissues cannot be imaged intactly in some frames due to their intensive deformation. In this paper, a landmark-based optical flow interpolation algorithm is proposed to reconstruct the missing information of deforming aortas in two-photon autofluorescence image sequences. Landmarks are extracted using an aorta model and aligned and reconstructed by a hierarchical algorithm. The effect of the intensive deformation of aorta bodies on the calculation of optical flow is eliminated by applying landmark-based local image warping. Experimental results show that the proposed technique can give more satisfying reconstruction results on intensive deforming tissues than commonly used optical flow interpolation methods. A sample image of deforming aorta with information loss. Illustrating the landmarks in detail. 
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